Despite the potential of online sharing economy platforms such as Uber, Lyft, or Foodora to democratize the labor market, these services are often accused of fostering unfair working conditions and low wages. These problems have been recognized by researchers and regulators but the size and complexity of these socio-technical systems, combined with the lack of transparency about algorithmic practices, makes it difficult to understand system dynamics and large-scale behavior. This paper combines approaches from complex systems and algorithmic fairness to investigate the effect of algorithm design decisions on wage inequality in ride-hailing markets. We first present a computational model that includes conditions about locations of drivers and passengers, traffic, the layout of the city, and the algorithm that matches requests with drivers. We calibrate the model with parameters derived from empirical data. Our simulations show that small changes in the system parameters can cause large deviations in the income distributions of drivers, leading to a highly unpredictable system which often distributes vastly different incomes to identically performing drivers. As suggested by recent studies about feedback loops in algorithmic systems, these initial income differences can result in enforced and long-term wage gaps.
atized algorithmic features act as a barrier between employees and management, annihilating this relationship and ultimately preventing worker feedback to be incorporated into the design. Moreover, the proprietary nature of these systems, there is limited access to data or the rules of the system [5, 17, 18] . Both regulators and researchers struggle to gain a deeper understanding of the ongoing problems and the underlying processes, which ultimately hinders informed intervention or monitoring by regulatory agencies [19, 20] .
Most existing literature in the area of taxi matching algorithms is concerned with optimizing aggregate outcomes for the whole system [21] [22] [23] [24] [25] [26] [27] . This approach aims to maximize the benefits for the company or to minimize the adverse effects such as CO 2 emissions, overall distances driven or the passenger waiting times. Following the line of fairness measurement literature [28] [29] [30] [31] , we instead focus on the fair distribution of income from the drivers perspective, because current systems do not guarantee the same income for the same amount of work, neither across workers nor over time [10] [11] [12] 32] .
We use an agent-based simulation to systematically study the mechanisms in ride-hailing and delivery systems from the perspective of the drivers. We first quantify the income inequality level of systems that use a company-level profit maximizing approach, and explore how the system-level behavior changes as a function of input parameters like the number and distribution of taxis and passengers, city layout, and driving strategies. Next, we investigate the trade-off between fairness of driver incomes and loss in overall revenue through an algorithm, designed to integrate the fairness perspective into the matching of drivers with requests.
Income Inequality in Ride Hailing
We create a simulated city environment with drivers, passengers and various parameters which we will introduce throughout the section. Our goal is to simulate a diverse range of cities and real-world traffic conditions, thus we derive our model parameters from real-world data sets.
Taxis in our city drive along a grid, moving one block at each time step. In our basic setting both request and drop-off locations are most likely to be in the city center, in line with previous studies on real-world data [33] [34] [35] . The matching algorithm between drivers and requests is similar to the algorithm that Uber and most taxi companies use: passengers are matched with the closest available car. Additional parameters capture various real-world scenarios such as city layout, changes in supply and demand, driver strategies, and different settings of the matching algorithm. The pricing scheme is similar to that of UberX in Boston [36] , and fuel costs are accounted for [37] . We run all simulations for what equals a 40-hour work week (see 3 for details).
As described before, major complaints of drivers are low wages, and the unpredictability and unfair distribution of incomes. Low wages could only be addressed by the company itself, because they are in control of the payment system. Thus, we focus on understanding the two other complaints through investigating the distribution of incomes across workers for various settings of our system.
Changes in Supply and Demand
We use two variables to calibrate the supply and the demand in our system: the supply d (density) is defined as the number of taxis per square kilometer, while R captures demand-to-supply ratio, which is the fraction of the demanded travel distance over the supplied travel distance (see 3 for details).
To pick parameter spaces for d and R that cover actual real-world scenarios, we calculate the number of cars and passengers using empirical data from the NYC Taxi and Limousine Commission [38] . even within one day and one city, both parameters strongly vary. While such detailed data is not available from other cities, we analyzed aggregate statistics as well as extreme events such as public transportation failures, strikes or bad weather conditions (see Section 3). We conclude that the taxi density range d ∈ [3, 30] [1/km 2 ] and the demand-to-supply ratio range R ∈ [0.1, 1] will capture a wide range of city sizes, seasonal changes, varying traffic at different times of the day, and even extraordinary events that cause sudden changes in the demand or supply. Figure 1B shows how the average income changes with growing number of requests, but constant taxi numbers, that is, a constant density d. Each marker denotes the averaged result of 10 simulations, ran with the associated parameters. As expected, the income is directly proportional to the demand, Figures 1D-E depicts the effect of increasing traffic (more demand and more supply), that is, constant R, but increasing taxi density d. Again, higher demand generates higher average incomes, that is roughly $3100 for R = 0.2, $6200 for R = 0.4, and $9400 for R = 0.6. The income is only very slightly affected by the taxi density in a city, as it increases by only 3% for a tenfold increase
However, higher density leads to a more unequal distribution of those same average incomes, as seen from Figure 1E . For R = 0. We note, that the Gini coefficients for the high supply (high d) and low demand-to-supply (low R) regions are comparable to the Gini coefficients observed for country-wise incomes [39] . Given that national statistics encompass inequalities across different professions and sectors, and we only compare workers of the same sector, with the same working hours and even with the same fitness, these values translate to a surprising level of inequality.
Varying Spatial Activity
Next, we consider variations in the city layout and the traffic flow patterns. Apart from the simplest city-center scenario, we run simulations for i.) a city with a larger center, ii.) a city with 2 centers, and iii.) cases where the pickup and destination locations do not to overlap (see the detailed description of these layouts in Section 3). Our motivation is explained by Figure 2A which shows the temporal and spatial changes in the difference between trip origin and destination location distributions in NYC. We can clearly see the average flow of passengers in the morning towards the center for work ( Figure 2B ) and away from the center in the evening ( Figure 2C ).
Before we turn our attention to income inequality in the above layouts, it is worth investigating whether and how they affect the overall income, since they all share the same R given identical traffic, i.e., the same demand-to-supply ratio. Figure 2D shows that the average income strongly depends on the distribution of spatial activity, when examining a setting with fixed
and R = 0.48. If the distribution of origins and destinations overlap completely, more income is generated regardless of the details, e.g. the spreading of the city center or having multiple centers.
On the other hand, in the cases where there is a dominating flow of vehicles due to asymmetries in the origin and destination demands, the income is lowered to roughly 50% (Outwards flow) and 20%
(Inwards flow). Moreover, the inequality is significantly higher over the whole demand-to-supply R range ( Figure 2E ). In the Inwards flow case, the Gini coefficient starts from as high as 0.76, but decreases fast thereafter, and reaches 0.07 for R = 0.6. When the traffic flows mostly outwards from the city-center, the initial Gini of 0.45 decreases very slowly, though, and stays as high as 0.38
for R = 0.6. The above results indicate that the distribution of spatial activity strongly influence both the average income and the income inequality.
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Waiting vs Cruising
An important decision every driver faces many times throughout the day is what to do in the time period until the next request comes in, which might amount to a considerable share from the overall time spent online [3, 20] . So far in our simulations, the cars were waiting in place after dropping off their passengers. Another obvious idling strategy is to cruise back towards the center to meet more demand. While in a real system, drivers presumably use a mix of these two strategies, here, we investigate the outcome of the two extreme cases, namely when all taxi drivers either wait or head towards the city center.
Intuitively, we would expect that the cruising strategy leads to similar throughput in the cases of overlapping pick-up and drop-off distributions, smaller overall throughput in the cases where traffic flows towards the center, and higher overall throughput when population flows towards the outskirts. But does higher throughput also lead to lower Gini coefficients? We observe significant differences in fairness between the waiting and cruising strategies in all city layouts. In the case of overlapping pick-up/drop-off location distributions the waiting strategy is fairer, as illustrated by the narrower distributions on Figure 3A -C corresponding to lower Gini coefficients while the average income is untouched. In case of the asymmetrical layouts, the strategy These results underline the importance of transparency and the direct effect of information asymmetry on drivers, who in the current setup of ride-hailing systems can not make informed decisions about their strategies. Moreover, it shows that a seemingly small changes in the system settings can lead to large differences in the fairness guarantees of the overall system.
Fixing the algorithm
Lastly, we examine whether we can incorporate the fairness perspective into our system and achieve more equal incomes while conserving the overall revenue, similarly to the perspective of [29] . Our goal is to keep track of drivers' income throughout the day and take it into account when assigning rides.
With this idea in mind, we create the poorest algorithm: a modification of the current matching algorithm which keeps track of drivers' income at each point in time and assigns taxis not only based on distance from the potential passenger but also the money they made so far (see details in Section 3). To meaningfully compare the algorithms, we include a baseline algorithm which assigns drivers to passengers randomly within a given radius. This random setup should create higher fairness but lower total income than picking the nearest available vehicle. Figure 3F -J shows the income distribution for the three algorithms for all city layouts. The narrow distributions of the poorest algorithm in the symmetric cases show that this poorest correction effectively mitigates the adverse effects of the nearest algorithm. In these cases, poorest performs even better than the random assignment that we consider as a baseline for fair conditions. Moreover, the strategy also helps mitigating inequalities on the Inwards flow layout. While not as strongly as with the other layouts, poorest significantly increases fairness with the Outwards flow layout, and even increases the mean income. Since the nearest algorithm mostly assigns drivers from the center, more and more drivers end up in the outskirts without close-by rides. As the poorest algorithm is more likely to pick a driver stranded on the outskirts, it compensates this undesired process and ultimately leads to higher mean income.
Concluding Discussion
We presented results of an agent-based automated taxi system simulation from a so-far unexplored angle, namely, the fairness of incomes among drivers. Our simulation environment allows us to cover a wide spectrum of city layouts and traffic conditions, and to test arbitrary matching algorithms.
We find that a low demand-to-supply ratio (more taxis/less passenger requests) leads to greater inequality, and that the inequality is largely dependent on the spatial distribution of request origins and destinations, on the chosen idling strategy of the drivers, and the matching algorithm.
We also proposed a new matching algorithm that attempts to equalize incomes by promoting drivers on the lower end of the current income distribution. This method significantly boosts fairness in driver incomes in all investigated scenarios, while not impairing, and sometimes even increasing average incomes through stimulating optimal spatial redistribution of the taxis.
Notably, our most surprising result is that drivers with the same qualifications and working hours can end up with vastly different incomes by chance. One might argue that these income differences, observed over a short time period, disappear on the long run. This would indeed be the case under our model if used for long-term predictions (even if the regression to the mean could take a considerable amount of time). However, a large body of sociological and economic literature has shown that emerging inequalities are amplified through feedback loops and other processes that are not directly captured by the simulation in this paper [13, 40] . The initial differences combined with emerging feedback loops and varying skills, working hours, and ratings can result in increased and continuing wage gaps. Moreover, literature shows that workers have to focus on daily and weekly targets because of regular fees and payments [41] . Thus, short-term income variance creates unpredictable circumstances and may cause drivers to take risks such as unsafe amounts of overtime [15] .
Due to the sheer size and complexity of the problem, our study is limited in different ways. First, the city model generalizes to a square grid street network, and the traffic model averages over highly dynamic conditions such as the true taxi velocity, which might depend on the time of day, road type, and physical obstacles. For example, Uber's surge pricing, which aims to steer supply and demand, is an important factor in driver earnings and another source of unpredictability. In contrast, our algorithms are only elementary dispatching systems that are likely not identical to the proprietary solutions.
Impact Our results underline the urgency to establish the necessary means for drivers to make informed decisions while working. In our view, giving more control to workers is only helpful when coupled with insights that help them make informed decisions. Currently, drivers' basic decisions, such as when and where to work, are based on limited and local information. Our systematic analysis aims to fill this gap by connecting local knowledge with global outcomes while focusing on drivers' interests. We derive results that directly help drivers align short-term strategies with their long-term goals based on a few key system indicators such as demand, supply or the spatial distribution of requests.
Our work will be the first to take fairness metrics into account in the evaluation of system performance. Currently, companies focus on maximizing their own profit, which does not align with worker welfare and fairness. Technical research has followed the former demand, considering only optimization problems of system level efficiency. By sharing our simulation system on GitHub 2 , we hope to encourage the research community to work towards a thorough understanding of the effects of algorithm choice on social outcomes, and that eventually service designers will be provided with specific technical recommendations on how to implement a possible fairness perspective. Ultimately, fairness guarantees, either provided by the platforms themselves or via external monitoring of policy agencies, are necessary to increase the trust between ride-hailing companies and their workers.
Lastly, we want to emphasize the advantages of complex systems methods in algorithmic fairness research. Currently, most algorithmic auditing research projects focus on identifying issues with individual platforms at particular points in time [42, 43] . We presented an enhanced approach to algorithmic auditing that takes into account system dynamics, complex phenomena, and downstream consequences of algorithms. This allows the generalization of insights across platforms, pointing towards fundamental properties of socio-technical systems. Complex algorithmic auditing has the potential to be adapted to research harmful phenomena beyond this project, such as the filter bubble effect, discrimination, or polarization in algorithmically aided systems [44] [45] [46] .
Materials and Methods
Simulated city We investigate generalized and simplified ride-sharing systems with an agentbased simulation. In this simulation, the city is represented as a square grid similarly to [47] , consisting of n times (n = 20) m pixels (m = 20). To associate simulation units to real-world dimensions, the side length of the pixels is set to du = 100 m in SI distance units.
Time, movement and distances In each simulation time step, taxis move exactly one distance unit on the grid, and they keep this constant average velocity v throughout the whole simulation.
We set v to be 10 m/s, a hypothetical average daytime speed as in [21] , which implicitly defines simulation time unit: tu = a/v = 10 s. All presented results throughout the paper correspond to
simulations ran for what equals a 40-hour work week, that is, until 5 · 8 · 3600/tu = 14400 simulation time units. Literature suggests one work week to be a reasonable time frame for which workers might expect predictable and stable incomes because of weekly fixed costs [41] .
Supply and demand There are T taxis in the system. We control the number of taxis through a density parameter d, that is the number of taxis per total area of the system. The dimension of
The demand-to-supply ratio is characterized by a dimensionless measure R, which is the fraction of the total demanded travel distance over the distance provided by the taxis during the same time window:
where l is the average trip length requested by passengers in the system, t is the elapsed time, and λ is the average number of requests per time unit.
Traffic flow and city layout Since the spatial distribution of the demand is typically not uniform in a city [33] [34] [35] , we introduce different probability distributions that characterize the request origins and destinations. In the simplest case, the origin and destination distributions are identical 2D Gaussians, mimicking scenarios where demand is higher in the city center, and gradually decreases further from the core [48, 49] . The scenarios where origin and destination distributions are not overlapping, such as in the case of morning rush hours or late night rides to residential areas, are simulated by defining separate Gaussian distributions for request origin and destination, respectively, with different standard deviations or centers. Table 1 provides the different distributions in our simulations, with f being the weight of Gaussian mixtures, µ their centers, and σ their standard deviations. We compared the distribution of trip lengths generated from these Gaussian distributions to that of a real-world dataset [50] . We concluded that the distribution from a real day is the composition of many different system states and spatial activities, therefore, we do not require a strict match between the statistics of the two. We also generated layouts with different cutoffs (exponential, sigmoid) in the decrease of the density of the pick-ups and drop-offs towards the outskirts, but the results did not differ qualitatively from those obtained with Gaussian distributions.
Origin Destination
Small city-center [20, 20] Table 1 : List of different origin and destination distributions in the simulations. Each three-column row represents a 2D Gaussian distribution with a mean at µ in simulation coordinates, a standard deviation σ, and a weight f . Distributions having more than one row are a mixture of the listed Gaussians with a weight f . The − symbol denotes that the destination distribution is the identical to the origin distribution.
Implementation Once we have the taxis and incoming requests in the system, we have to define how these elements behave while running the simulation. If a passenger makes a request, the origin and destination location is submitted to the waiting queue, and the request is first marked as pending. At each time step, we try to assign an available taxi to all requests in the queue, from oldest to newest. If the assignment is successful, the request is marked as confirmed, and the assigned taxi is marked as booked, and it ceases to be available. When the taxi reaches the request origin, it picks up the passenger, and the taxi and the request both enter into serving state. A path is created for the taxi, along which it moves towards the request destination as the time is running. Once the destination is reached, the taxi drops off the passenger, the request is marked as completed, and the taxi becomes available again. Requests that pend too long, that is, for more than 30 simulation units (corresponding to 5 min in real time units) in the pending queue are canceled, as passengers tend to not waiting very long.
Income Because the pricing scheme might differ between different service providers, cities, or it might change rapidly even within the same system (similar to surge pricing in Uber [51] ), we only introduce illustrative USD values based on real UberX fares from an example US city, Boston [36] .
Thus, the income has a fixed $2/trip and a distance-based $1/km part, that already includes the mile-based and minute-based fees calculated using an average velocity of 10 m/s. Note that the final income values only serve as indicators of general income trends in mean incomes and inequalities, and they shall not be interpreted as realistic incomes. Fixed costs are assumed to be identical for each driver, thus they are omitted from the calculations. Fuel consumption is proportional to the total distance covered (going for and serving a request, cruising while empty). With an average price of fuel of $3 per gallon [37] , an estimated 10 l per 100 km [31] consumption leads to ≈ $0.008/du costs.
Matching algorithm The essence of the assignments between taxis and requests is the matching algorithm. All presented algorithms first consider a pool of available drivers in a 1 km range around the request origin. First, we implement the nearest algorithm, that looks for the nearest available taxi from the pool. This algorithm is the basis for many existing solutions [25, 27, 52, 53] . We also propose a mechanism that takes the drivers' previous incomes into account and the driver with the least income so far (poorest). As a baseline, we also include a method with uniform random assignment from the pool (random).
We can also set different initial conditions and different idle behaviour for the taxi drivers. They either start the day from a "taxi base" in the center location, or from a random location on the grid that mimics their "home" location. After a completed ride, they can either be waiting for their next ride in place, or they can start cruising back towards the city center. There is also a possibility for simulating a realistic 8-hour shift, where after the end of the shift, every taxi completes its last assignment (if it has one), and then starts the new shift again from their "home/taxi base".
The code for the simulation is available at https://github.com/bokae/taxi.
Supply and demand parameter ranges To match our simulation to real-world parameter values, we obtained the only comprehensive ride-sharing vehicle dataset that is available for the vehicles operating in New York City from year 2013 [50] . We calculate average trip length l, average velocity v, number of distinct taxis operating T , and number of served requests per second λ for each hour of the year from the dataset. Using equations (1) and (2), we calculate the two main system parameters d and R for these hours using A = 783 km 2 as the area for NYC. Figure 1A shows However, we do not have data on the number of cancelled requests. Therefore, it might happen even within this dataset, that the real value of R is higher than 0.75 during peak hours. We also calculate approximations of d and R based on aggregated metrics for other towns. For example, we take a typical example for an oversupplied taxi system, the traditional taxi service in Berlin, with d ≈ 1 − 5 [1/km 2 ] throughout one day, and a typical R = 0.5 in peak hours [54] . 
We then define the symmetric difference between these two distributions: Figure 2A shows the daily mean of the absolute values of the symmetric differences in the pixels ∆ρ OD,abs (h) = 1 N x,y |∆ρ OD (x, y, h)|,
where N is the number of x, y pairs in the analysis. Figure 2B and C show ∆ρ OD (x, y, 8) and ∆ρ OD (x, y, 19), respectively, on the taxi zone map of NYC. We can observe the inflow of people into the city center in the morning, and the outflow of the traffic around 7PM.
Fairness metric and its interpretation To assess the inequality in the income distributions of the drivers after 1 week's worth of work, we calculate the Gini coefficient [56] . The Gini coefficient is an important tool in economics for analyzing income distributions over countries or regions. Its typical value for countries (being between 0.2-0.4) is summarized e.g. in OECD reports [39] . The value of the Gini coefficient is independent of the mean of the distribution, therefore, differences in the inequalities can be compared for scenarios generating different mean incomes in the simulation.
